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ABSTRACT

We describethe systemusedby IBM in the 1999HUB4 Evalua-
tion underthe 10 timesreal-timeconstraint.We detail the system
architectureandshow thattheperformanceof thissystemis over20
percentmoreaccurateat thesamespeedthanthesystemusedin the
1998Evaluation.Furthermore,wehaveclosedthegapbetweenour
unlimited resourcesystemandour 10 timesreal time systemfrom
45 percentto 14 percent.

1. Introduction

In this paperwe report on the 10xRT systemrun by IBM
in the 1999Hub4 evaluation,giving contrastive resultswith
othersystemarchitectureswehadconsideredaswell aswith
theunconstrainedsystemrun in theotherportionof theeval-
uation. Becausethe 10xRT constraintis somewhat arbitrary
in that it is machinedependent,we have chosento fix our
machinesto be thoseusedin the1998Hub4Evaluation;all
programsarecompiledfor the AIX platformandall experi-
mentswereconductedona320MIPSRS/6000SP2nodewith
512MB of memory. As theseareexactly thesameresources
weusedin the1998evaluation,all systemimprovementsare
codeandalgorithmicallybased.

For comparison,we show our performancenumbersin the
1998Hub4 evaluation(testsets1 and2) in table1 for both
the baselinetranscriptionsystem(A1,A2) and the baseline
10xRT system(B1,B2).

Avg F0 F1 F2 F3 F4 F5 FX
A1 14.5 7.8 16.8 20.9 24.7 10.0 19.4 19.7
A2 12.4 8.4 14.7 14.3 12.7 14.1 5.7 34.4
B1 21.2 11.4 21.8 33.7 32.6 14.8 26.1 31.5
B2 17.8 10.8 19.4 24.4 20.5 21.0 15.7 54.1

Table 1: Performanceon the 1998 Hub4 EvaluationTest Data of the
1998 unlimited broadcastnews transcriptionsystemand the 1998 10xRT
system.A1=Baselineunconstrainedsystem,testset1. A2=Baselineuncon-
strainedsystem,test set 2. B1=10xRT, test set1. B2=10xRT, test set 2.
F0=Clean,plannedspeech.F1=spontaneousspeech.F2=Speechover tele-
phonechannels.F3=Speechwith backgroundmusic. F4=Speechwith de-
gradedacoustics.F5=Non-nativespeakers.FX=Combinationsof F1-F5.

2. System Architecture

Severalchangesto thesystemarchitectureusedfor thebase-
line broadcastnews transcriptionsystemwerenecessaryin
orderto arrive at a systemwhich would run in lessthanten
timesrealtime.

Thefirst differencewemadewasto changefrom theresearch
codebaseto one closerto IBM’ s commercialproduct,Vi-
aVoice, which hasbeenalgorithmically optimizedfor effi-
cient execution. The codeincludesan improvementin the
evaluationof the phonetictreethat representsthe entirevo-
cabulary of the recognizer. The acousticfast matchmay be
donemuch more efficiently using the fact that undercer-
tain conditionstheresultsof branchevaluationscanbeused
to approximatethe scoresof otherbranchesof the tree[5].
The sameapproachhasbeenusedto speedup the detailed
match[6].

Anotherdifferencebetweenour10xRT systemandourbase-
line broadcastnews systemlies in whatcontext is takeninto
accountto modeleachphoneme.In our baselinesystemwe
consider5 phonemesto the left and to the right of a given
phonemein building the acousticmodelsfor that phoneme
evenacrosstheendof thewordunderconsideration,while in
our10xRT systemwe do not considerphonemesto theright
of the word boundarywhenbuilding the acousticmodelfor
a givenphoneme.This restrictioneliminatestheneedfor re-
computingtheacousticobservationprobabilitiesneartheend
of eachwordasthehypothesizedwordstringbecomesavail-
ableasthesearchproceedstowardstheendof thesentence.

Anotherdifferencebetweenthe 10xRT andbaselinebroad-
castnews systemsis that for the 10xRT systemthe Gaus-
sianprototypesarearrangedhierarchically;only thoseGaus-
sianswhich scorewell at a given level of the hierarchyare
expandedfor considerationat lower levels.

Thearchitectureof thebaselinetranscriptionsystemrelieson
Rover [2]; several differentrecognitionsystemsarerun and
a vote is takenon the recognitionoutputsto producea final
transcription.Furthermore,multiple passesof adaptationare
performedwithin eachof thesystemsuponwhichRover op-
erates.This framework proved too costly for the ten-times-
real-timeconstraint;for the 10xRT systemwe operateonly



a singlesystemratherthana Rover paradigmandthesystem
consistsonly of a rapid first pass,adaptation,anda single,
moredetailedsecondpassratherthanmultiple iterationsof
adaptationwith re-decoding.

We have founda first passrunningat roughlytwo timesreal
time,anadaptationphaserunningat roughlythreetimesreal
time, anda secondpassrunningat approximatelyfive times
realtime to performwell.

3. Acoustic Training

In this sectionwe describethe constructionof the speaker-
adaptedtraining (SAT) model and give performancenum-
bers for the final model versusother models tested. The
SAT training algorithmtransformsthe SI modelmeansfor
eachspeaker;with the adaptedmeansa full-variancelinear
transformthatmaximizesthelikelihoodof thedatafrom that
speakeris computed[1]. The computationcan be imple-
mentedefficiently asa featurespacetransformation[1]. A
singleiterationof SAT trainingconsistsof computingatrans-
formationfor eachtrainingspeakerandthenperformingtwo
iterationsof theEM-algorithmto adjustthespeaker-adapted
models;thefinal modelusedin theevaluationwastheresult
of two iterationsof SAT training.

Avg F0 F1 F2 F3 F4 F5 FX
C1 16.3 8.7 18.7 27.9 25.0 10.3 23.0 22.8
C2 13.6 8.6 15.3 21.0 14.5 15.9 5.7 37.4
D1 16.4 8.6 18.7 26.1 24.3 10.8 22.4 23.2
D2 13.5 8.4 15.4 20.4 14.9 15.9 5.7 38.2
E1 16.2 8.3 18.6 26.1 26.4 10.8 20.6 22.7
E2 13.3 8.2 15.1 20.3 14.0 15.6 5.7 38.0

Table 2: Performanceon the 1998 Hub4 evaluationsets1 and2 using
decodedtrainingdatatranscriptionsto performoneiterationof SAT training
(C1,C2)versusone(D1,D2)andtwo(E1,E2)iterationsof SAT trainingusing
thetruetranscriptions.Handsegmentationof thetestis usedin all cases.

We alsoconsidereddecodingthe trainingdataandusingthe
decodedscript ratherthanthe truth to calculatethe transfor-
mationfor eachspeaker, soasto morecloselymatchthetest-
ing procedure.The truth continuedto be usedfor the EM
processing.Resultsof this experimentfor a singleiteration
of SAT trainingareshown in therows C1 andC2 of table2
andareto be comparedwith the baselineexperimentof us-
ing the true transcriptionfor computingthe transformation
for eachspeakerandrunninga singleiterationof SAT train-
ing, shown in therowsD1 andD2 of thetable.RowsE1 and
E2 of the tableshow the improvementover baselineD1 and
D2 by runninga seconditerationof SAT training usingthe
truetranscriptionin calculatingspeakertransforms.It is this
modelwhichwasusedin the1999Hub4Evaluation.

4. Language Model
We useddifferent languagemodelsfor the first andsecond
passdecodes.For the first passwe useda mixture of three
components,two trigramsandonemaximumentropymodel.
For thesecondpassdecodeweusedalargermodelcomprised
of six components,thethreefrom thefirst passplusoneaddi-
tional trigramandtwo additionalmaximumentropymodels.
Mixture weightswerechosento minimizeperplexity onade-
velopmenttestset.

5. Decoding
The first decodingresultswe presentwill be to justify the
two-passarchitectureof our 10xRT system. We comparea
singledecodingpasstunedto run at ten timesreal time with
theSAT systemwhereinthemostcostlystep,thesecond-pass
decode,runs at lessthan 4.9 times real time. The results,
shown in table3, clearlyjustify our choiceof theSAT archi-
tectureover a single-passdecode.

Avg F0 F1 F2 F3 F4 F5 FX
G1 17.9 8.9 19.6 30.2 27.3 12.3 20.6 25.7
G2 14.8 9.4 17.0 21.1 13.9 18.2 8.6 38.2
H1 16.2 8.3 18.6 26.1 26.4 10.8 20.6 22.7
H2 13.3 8.2 15.1 20.3 14.0 15.6 5.7 38.0

Table 3: Performanceon the 1998 Hub4 evaluationdatasets1 and 2,
comparinga singlepassdecoderunningat tentimesreal time (G1,G2)with
theSAT architecturein whichthemostcostlysteprunsat lessthan4.9times
realtime(H1,H2).Handsegmentationis usedin all cases.

The remainingsubsectionsin this sectiondescribein more
detail the individual stepsrequiredto decodein “evaluation
mode”thedataof the1998or 1999Hub4evaluation.Because
thedatais providedasonelongcontinuousaudiostream,we
first segmentit into manageablechunks,identifyinganddis-
cardingregionsof puremusicin theprocess,asdescribedin
section. The segmentsare thenclusteredaccordingto the
algorithmdescribedin section for the purposesof accumu-
latingenoughself-similardatawithin eachclusterto robustly
estimatetransformationsfor adaptation.The segmentation,
musicdetection,andclusteringtogetherrun at lessthan0.3
timesreal time. Having segmentedandclusteredthedata,a
rapidfirst passis runasoutlinedin section, followedby two
passesof transformationestimationfor thedatain eachclus-
ter asdescribedin section. Themore-detailed,secondpass
decodewhichmakesuseof theadaptationtransformationcal-
culatedfor eachclusteris describedin section.

5.1. Segmentation and Music Detection

The BayesianInformationCriterion (BIC) is usedto detect
acousticchangesin the data [3]; the unpartitionedaudio
streamis dividedinto segmentsbasedon the timesat which



changesaredetected.Oncesegmented,thedatais classified
asoneof five acousticconditions,oneof which is puremu-
sic, by meansof a Gaussian-mixtureclassifier[4]. Thesin-
gle modelfor musicsegmentscompeteswith four modelsof
speechin variousnoiselevelsandconditions;all five of the
mixture modelsconsistof 156 Gaussians.Thosesegments
identifiedaspuremusicarediscardedfrom furtherprocess-
ing. Theeffect of automaticsegmentationis fairly severe,as
seenby comparingthe resultsin table4 with the handseg-
mentationbaseline(H1,H2) presentedin table3. The seg-
mentationand music detectionstepruns at
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times real-

time.

Avg F0 F1 F2 F3 F4 F5 FX
I1 16.8 8.6 19.0 27.7 25.2 11.2 19.4 24.0
I2 14.1 8.6 15.9 19.9 15.3 16.3 1.4 46.2

Table4: Effect of automaticsegmentationon the 1998Hub4 evaluation
datasets1 and2. Comparewith baselinehandsegmentation(table3 rows
H1,H2).

5.2. Clustering

After segmentation,clusteringis performedin order to ac-
cumulateenoughdatato robustly performadaptation,with
oneadaptationtransformationestimatedfor eachcluster. The
segmentsareclusteredusingamaximum-linkage,bottom-up
clusteringprocedurewith a singleGaussianmodelfor each
segmentanda log-likelihood-ratiodistancemeasure[3]. The
bottom-upclusteringprocedureterminateswheretheBIC cri-
terionreachesits maximum.Thereal-timefactoris approxi-
mately

�����
.

5.3. First Pass Decode

Thefirst passdecode,whoseoutputservesastheinputscript
for adaptation,is tunedto run at slightly lessthan1.8 times
real time. The systemusesthe same286K-Gaussian,left-
context systemas the more detailed secondpassdecode
which runsat slightly lessthanfive timesreal time. Thedif-
ferencesbetweenthe two systemslie in the languagemodel
asdescribedin section4, a moreaggressive hierarchyin the
first passthanin thesecondpass,andmoreaggressive prun-
ing in thesearchof thefirst passdecoderthanin thesecond.
Resultsof thefirst passaloneon theunpartitionedevaluation
dataof 1998areshown in table5.

Avg F0 F1 F2 F3 F4 F5 FX
J1 21.2 10.9 22.0 37.0 33.8 15.4 24.8 30.2
J2 17.5 10.7 19.2 23.5 19.1 20.8 11.4 53.4

Table5: Performanceof thefirst passdecode(J1,J2)on thedatafrom the
1998Hub4evaluationtestsets1 and2. Automaticsegmentationis used.

By comparingtable5 with rowsB1 andB2 of table1 wenote
that the performancefrom this first-passdecodeis already
betterthan that obtainedby our 10xRT systemusedin the
1998Hub4evaluation.

5.4. Transform Computation

The transformationcalculationdetailedin [1] proved to run
too slowly for the ten-times-real-timeconstraint. We made
several algorithmicapproximationsto increaseits speed,as
will bedescribedin thissection.Thefirst approximationwas
in the computationof observationprobabilities.Ratherthan
summingover all Gaussiansin a mixture, we approximate
the sumwith the maximumprobability from the individual
Gaussianswithin the cluster. The secondapproximationis
introducedin the trellis calculation. Ratherthan summing
over all predecessornodes,we againapproximatethe sum
with themaximumof theindividualmembersgoinginto the
summation.Bothof theseapproximationseliminatetheneed
for a costly linearadditionin the log domain. Furthergains
in speedwereobtainedby thresholdingthenumberof counts
attributedto aGaussianbeforeincludingit in thetransforma-
tion calculation.

Oneadditionalmethodof speedinguptheadaptationis toper-
formablock-diagonaltransformationratherthanafull matrix
one. We tried constrainingthe transformationto consistof
two blocksand found an increasein speedfrom 1.5xRT to
0.8xRT for eachiterationat the costof lack of recognition
accuracy, especiallyin theF0andF1conditions,asshown in
table6.

Avg F0 F1 F2 F3 F4 F5 FX
K1 16.8 8.3 18.7 27.7 32.6 10.7 21.8 24.1
K2 13.5 8.5 15.5 19.6 14.2 16.1 4.3 36.9
L1 16.5 8.9 19.4 25.7 25.0 11.1 21.2 22.5
L2 14.0 8.8 15.8 17.5 14.2 16.9 11.4 38.7

Table6: Performanceusinga full-matrix transformation(K1,K2) vs. a
2-blockdiagonaltransformfor adaptation(L1,L2) on testsets1 and2 from
the1998Hub4evaluationafteronepassof EM-training.Handsegmentation
is usedin all cases.

Although the overall degradationin performanceis perhaps
acceptablegiventheincreasein speed,wedecidednotto pur-
suetheuseof atwo-blocktransformin our10xRT systemdue
to its severeimpacton theF0andF1 conditions.

Anotherconsiderationwasthenumberof iterationsrunin cal-
culatingthe transformfor thetestset. We foundthatperfor-
mancefor a seconditerationincreasedover thefirst iteration
andthenstayedflat for thethird asindicatedin table7, sowe
optedto runtwo iterationsin test.



Avg F0 F1 F2 F3 F4 F5 FX
M1 16.5 8.5 18.7 26.7 25.8 10.7 21.8 23.7
M2 14.2 8.3 16.3 20.3 14.6 17.6 8.6 39.3
N1 16.4 8.6 18.7 26.1 24.3 10.8 22.4 23.2
N2 13.5 8.4 15.4 20.4 14.9 15.9 5.7 38.2
P1 16.3 8.7 18.8 25.5 23.3 10.7 23.0 23.1
P2 13.6 8.4 16.2 20.4 14.2 15.8 5.7 37.7

Table7: Performancefor 1 (M1,M2), 2 (N1,N2),and3 (P1,P2)passesof
calculatingtheadaptationmatrix for eachclusteron thedatafrom the1998
Hub4evaluation.Handsegmentationis usedin all cases.

5.5. Second Pass Decode

Thesecondpassdecodemakesuseof thefeature-spacetrans-
formationcalculatedfor eachcluster. Although it usesthe
sameacousticmodelsas the first pass,it usesa larger lan-
guagemodelandmorecostly searchparameters.The final
systemperformanceon theunpartitioned1998Hub4evalua-
tion datais shown in rowsQ1andQ2of table8, reflectingan
improvementin performanceof 21.8%over lastyear(table1,
B1 andB2).

6. Lattice-Based Word Error Minimization
This stepwas not includedin the 1999 evaluationbut was
foundto significantlyimprove to performancewithin theten
timesreal-timeconstraint.It usestheword latticesgenerated
by the secondpassdecodingin orderto find thewordswith
maximal posteriorprobabilities(the consensushypothesis),
therebyreducingtheWord Error Rate[7]. Rows R1 andR2
of table8 summarizetheresultsandareto becomparedwith
rows Q1 andQ2. This improvementof 3 percentbringsthe
overall improvementover lastyear’ssystemto 24percent.

Avg F0 F1 F2 F3 F4 F5 FX
Q1 16.5 8.3 18.6 27.9 26.2 10.7 22.4 23.7
Q2 14.0 8.6 15.8 19.4 15.3 16.0 5.7 44.8
R1 16.0 8.5 18.1 26.1 25.8 10.5 18.8 22.5
R2 13.6 8.7 15.7 18.6 14.6 15.3 5.7 41.1

Table8: Performanceon the1998Hub4EvaluationTestDataof the1999
10xRT systemand that systemwith lattice word consensus.Q1,Q2=1999
10xRT system.R1,R2=199910xRT systemwith latticewordconsensus.

7. Performance on 1999 Evaluation Data
In this sectionwe show the performanceof our systemson
the1999Evaluationdata.

In table9 line (S1,S2)weshow theperformanceof our1999
Unlimited resourcesystem,followed by that of our 10xRT
systemin lines (T1,T2). Lines (U1,U2) indicatethe perfor-
manceof the10xRT latticewordconsensussystem.

Avg F0 F1 F2 F3 F4 F5 FX
S1 15.8 7.7 16.0 27.6 19.0 12.6 22.2 42.1
S2 14.5 8.1 18.3 12.0 12.0 12.7 11.9 32.9
T1 18.3 9.1 17.3 35.7 20.7 14.2 22.2 51.0
T2 17.1 8.6 18.4 17.9 12.0 15.2 14.6 41.0
U1 17.8 9.0 17.2 34.6 20.8 14.2 19.4 46.5
U2 16.7 8.3 18.5 17.1 12.4 15.0 14.4 39.7

Table9: Performanceon the1999Hub4EvaluationTestDataof our 1999
systems.S1,S2=Unlimitedresourcesystem.T1,T2=10xRT systemwithout
latticewordconsensus.U1,U2=10xRT systemwith latticewordconsensus.

By comparingthedegradationincurredby theten timesreal
time constraintin the1999evaluation[(S1,S2)vs. (U1,U2)]
with that incurredin 1998[(A1,A2) vs. (B1,B2)], we note
that we have closedthe gapbetweenthe unconstrainedand
the10xRT systemfrom 45percentto 14percent.
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